Abstract-In this letter, a new mean-variance optimizationbased energy storage scheduling method is proposed with the consideration of both day-ahead (DA) and real-time (RT) energy markets price uncertainties. It considers the locational marginal price (LMP) forecast uncertainties in DA and RT markets. The energy storage arbitrage risk associated with the LMP forecast uncertainty is explicitly modeled through the variance component in the objective function. The quadratic term of this variance is transformed into a second-order cone constraint using the charging and discharging power complementarity of the energy storage system. Finally, the proposed model is formulated as a mixed-integer conic programming problem. Numerical case studies demonstrate the effectiveness of the proposed model for energy storage scheduling considering price uncertainty. Energy storage status of charge (SOC) (MWh) in at the DA hour t, RT interval τ .
Initial status of energy storage system (MWh).
I. INTRODUCTION

R
ECENTLY energy storage systems have gained significant interest in both academia and industry under the new paradigm of renewable energy and demand response [1] , [2] . This interest has been driven by the rapid development of variable renewable generation, which substantially increases flexible resource requirements in power systems [3] , [4] . Another contributing factor is the declining capital costs for energy storage technologies [5] . With increasing amounts of energy storage, it becomes an urgent problem about how to best operate energy storage systems to meet different stakeholders' needs [6] - [9] . FERC has recently released a new order (FERC Order No. 841) for the ISOs to open all the markets for energy storages, which necessitates the study of modeling the energy storage arbitrage potentials in the energy market.
For energy storage system owners, such as a utility company or an independent owner, the objective is to maximize the revenue of the energy storage system through strategical participation in different markets, including day-ahead, real-time, and ancillary service markets [4] , [5] . With increasing participation of energy storage in power markets, modeling their scheduling has become an urgent issue for energy storage owners to recover their investment costs and maximize their revenue [8] . For this reason, we examine storage from the view point of price arbitrage.
In this letter, a mean-variance optimization-based energy storage scheduling method is proposed. The objective function considers the expected revenue in both Day-Ahead (DA) and Real-Time (RT) markets, and the revenue's standard deviation. The forecast uncertainties of the DA and RT locational marginal price (LMP) on each interval follow a Gaussian distribution [10] , then the proposed model is formulated as a mixed-integer conic programming model (MICP), instead of a large amount of pre-assumed LMP scenarios, which leads to efficient computational performance [6] .
The rest of this letter is organized as follows: Section II presents the proposed mean-variance optimization-based energy 0885-8950 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information. storage scheduling; Section III performs the case studies; and Section IV concludes the discussion.
II. MEAN-VARIANCE OPTIMIZATION-BASED SCHEDULING FOR ENERGY STORAGE SYSTEM
The general formulation of the energy storage system model is shown in (1)-(15) . The objective f E S in (1) includes two terms: the first is the expected revenue considering both DA and RT markets, and the second is the revenue's standard deviation to hedge the risk from the LMP forecast uncertainties. In this model, the decision variables are the charging/discharging power in the DA and RT markets.
where (2) and (3) are the power output of the energy storage system (the power output is positive for discharging and negative for charging); (4)-(6) are the dynamic capacity limits of the energy storage system, t in these constraints are the DA hour index and τ is the RT time interval index, T τ is the number of RT intervals in every hour (12 in this study); (7)- (12) are the charging/discharging power output limits; and (13) and (14) are the charging/discharging complementarity constraints (only one status is active at a specific time). Equation (15) is the endof-day state constraint; and E D Aend,RTend is the end SOC of energy storage in DA and RT markets. Assume that the forecast DA and RT LMPs follow a Gaussian distribution, then the second term of the objective function can be formulated as follows: (14), then we have:
Finally, the standard deviation is formulated as:
and (23), shown at the bottom of this page, and where the matrix Σ 1 can be uniquely decomposed by the Cholesky decomposition method because it is a Hermitian positive definite matrix.
where Γ is a lower triangular matrix. Thus, (25) can be transformed into a second-order cone programming (SOCP) constraint as:
By introducing auxiliary binary variables for the charging/discharging state, as in (29)-(34), constraints (13) and (14) can be linearized. After these transformations the model for the mean-variance optimization-based energy storage scheduling is formulated as an MICP with (2)-(12), (15), (23)-(34).
In this study, the energy storage is modeled as a price taker since the energy storage penetration is low in current markets. However, larger and more storage devices in the future could have clear impacts on the market clearing price.
III. CASE STUDIES
This section tests the proposed method using the DA hourly and RT 5-minute prices from the California Independent System Operator (CAISO) on 09/26/2017 are utilized at Pricing Node AGRICO_6_PL3N5-APND [12] . Fig. 1 depicts the DA hourly LMPs considering their uncertainties. in GAMS with MOSEK as the MICP solver [13] , [14] . Assume that the standard deviation of the LMPs in the DA and RT forecasts at every time interval are 15% and 30% of their expected values. In this study, the correlation between day ahead and real time LMPs forecasting errors is 0 but can be included based on the proposed model. Table II lists the simulation results,  and Figs. 2 and 3 show the revenue distribution and the energy storage schedule, respectively. The simulation results in Table II and Fig. 2 demonstrate that with the increasing weighting factor, the expected revenue will decrease; however, the revenue's standard deviation will be reduced with the weighting factor, which means that the potential revenue will be within a narrower interval and the revenue risk is reduced. For instance, when the weighting factor increases from 0 to 4, the expected revenue decreases from $2,625.40 to $2,540 (3.25% reduction) while the revenue's standard deviation reduces by from $346.5 to $308.8 (10.88% reduction). Therefore, adding the variance component in the objective function sacrifices only a little expected revenue but significantly reduces the risk. Energy storage operators can choose an appropriate weighting factor to make a trade-off between the expected revenue and the acceptable risk level. This table also shows that the simulation times are all within 5 seconds, which demonstrates the efficiency of the proposed method in the actual market operation. Fig. 3 shows the energy storage system's SOC under different weighting factors. The charging/discharging pattern does not change significantly because the energy storage system always charges during the low-price periods and discharges during the high-price periods. It can be observed that after considering the standard deviation in the objective function, the risk (standard deviation) can be reduced significantly even when the weighting factor is low. Although the schedule may not have significant differences between different weight factors, the risk associated with different weight factors can vary greatly since the variance is quadratic to the scheduled charging/discharging power and the price uncertainty according to (18) and (19). In addition, the revenue variance is the summation of the variance at every time interval. A small schedule difference in every time interval may accumulate to reach a large difference in the revenue's variance since there are 288 5-minute intervals for one day. Therefore, a small weighting factor can lead to a good tradeoff between the expected revenue and the risk.
IV. CONCLUSION
In this work, a mean-variance energy storage scheduling method is proposed with the consideration of price uncertainties in both day-ahead and real-time energy markets. The variance component in the objective function is formulated as a secondorder cone constraint, and the proposed model is transformed into a mixed-integer conic programming (MICP) problem that can be solved efficiently. The case studies demonstrate that when the variance is considered, the revenue volatility can be reduced significantly. The energy storage owner can choose a reasonable weighting factor to achieve a trade-off between the expected revenue and the variance.
